Abstract
INTRODUCTION
: Examples of Entity-Quality (EQ) annotations of varying complexity from the present study. A illustrates a simple EQ annotation; B shows an EQ annotation in which the quality term relates two entities to each other; and C provides an example of an entity that does not correspond to a term in an existing ontology, but is instead a complex logical expression post-composed from multiple ontology terms. between the terms from two phenotype annotations.
167
The present work describes the development of an expert-curated Gold Standard dataset 168 of annotated phenotypes for evolutionary biology that is the best available given current recognition. Concepts are annotated at the text string level, e.g., (17) or in some cases,
187
annotations are attached at the whole document level, e.g., (21). Because of the effort and 188 costs required for manual annotation, "silver standard" corpora have also been created, in 189 which automatically generated annotations are grouped into a single corpus (23, 24) . As Inter-curator consistency has been used by several studies as a baseline against which 193 to evaluate the performance of automated curation software (25, 26, 27 because a curator may generate more than one EQ annotation for a given character state. This is illustrated by Figure 1 where Curator A generated three EQs and Curator B generated 311 two EQs for State i. To measure the overall similarity between two annotation sources (e.g.,
312
Curator A to Curator B in Figure 1 , top), we first compute a similarity score between We treat each EQ annotation as a node in an ad hoc EQ ontology. Creating the complete 320 cross-product of the component ontologies would necessarily include all possible subsumers 321 but would be prohibitive. As a memory saving measure, we developed a computationally 322 efficient approach to identify subsumers for EQ annotations on an ad hoc basis, as follows.
323
A comprehensive ontology was created by taking the union of Uberon, PATO and BSPO Figure 1 : Similarity of annotations between two curators is calculated across multiple character states (e.g., states 1-3, bottom). First, the maximum character state similarity is calculated at the level of a single character state, and is the best match (maximum score) in pairwise comparisons across that state's EQ annotations. Mean curator similarity is then calculated as the mean of the maximum similarities across all character state pairs.
Jaccard Similarity

342
The Jaccard Similarity (J sim ) between nodes N 1 and N 2 in an ontology graph is defined as 343 the ratio of the number of nodes in the intersection of their subsumers over the number of 344 nodes in the union of their subsumers (44): to N j and S(N j ) to be the set of nodes subsumed by N j : as an example, they are calculated as:
where i = 1..X indexes the EQs from C R and j = 1..Y indexes the EQs from C T . generated by a particular annotation source were presented to the authors.
403
We used two statistics to test for differences among author preferences for the differ- 
where t = 5 is the number of possible ranks and the expected number of observations 407 X(i, j) = n/t for factor i assigned rank j and number of observations n. A was tested against 408 a χ 2 distribution for significance with (t − 1) 2 degrees of freedom. The null hypothesis is 409 that all author preferences for all annotation sources will be equally frequent.
410
Friedman's statistic, F , was used to test if the mean ranks of the different annotation 411 sources differed from chance:
where t = 5 is the number of annotation sources, i = 1..t is the annotation source, j = 1..t is 414 the number of ranks that can be assigned to an annotation, obs(i, j) is the number of times 415 rank j was assigned to factor i, and n is the number of observations, as before. F was tested against a χ 2 distribution for significance with t − 1 = 4 degrees of freedom. Figure 3 shows similarity (as measured by P P , P R, J sim , and I n ) between annotations 459 derived from the curators and the Gold Standard in Naïve and Knowledge curation rounds.
460
Based on two sided, paired Wilcoxon signed rank tests, P R and J sim significantly differed 461 for C1 (P R: p =1.10 × 10 −12 , J sim : p = 2.06 × 10 −10 ) and C2 (P R: p = 8.49 × 10 −5 ,
462
J sim : p = 0.0002), P P significantly differed for C1 (p = 1.24 × 10 −10 ), while I n significantly 463 differed for C1 (p = 2.15 × 10 −11 ) between the Naïve and Knowledge rounds. 
Subsumers of EQ annotation Quality
Step 2: Obtain superclasses of individual components
Step 1: Split into individual components
Step 3: Combine E-Q-RE superclasses with class expression superclasses to get EQ subsumers Figure 2: EQ annotations are split into Entity (E), Quality (Q), and Related Entity (RE) components, and also, transformed into an OWL class expression. Superclasses of E, Q, RE, and the class expression are queried via ELK. E, Q, RE superclasses are combined in the form E-Q-RE. These E-Q-RE superclasses along with the class expression's superclasses form the subsumers of the EQ annotation for computation of semantic similarity. Curators C1 (as per P P , P R, J sim , and I n ) and C2 (as per P R, J sim ) were significantly closer to the Gold Standard in the Knowledge round as compared to the Naïve round. Detailed results are shown in Supplementary Materials, Table 1 in the Knowledge round while P R was not affected in both rounds for C2. For C3, J sim ,
Similarity of SCP annotations to the Gold Standard increased (26% average improve-
470
P P in the Knowledge round and P R in Naïve round were not significantly affected. We computed consistency among curators for the EQ annotations generated for each char-
474
acter state. Figure 5 shows the mean inter-curator consistency scores across three pairwise 475 comparisons in the Naïve and Knowledge rounds respectively for Partial Precision (P P ),
476
Partial Recall (P R), J sim , and I n . The differences between Naïve and Knowledge rounds to the Naïve round. Each curator changed EQ annotations between these rounds for more 486 than 50% of character states. Among the EQs that were different between the two rounds,
487
29% were more complex, 33% were less complex, and 38% retained the same complexity in 488 the Knowledge round.
489
Due to the lack of significant differences between inter-curator consistency in Naïve and plete EQs refer to those statements that are only partially matched to ontology terms, e.g.,
499
either E or Q terms are matched. In case of post-compositions, some parts needed in the 500 composition are not matched to an ontology term. Human-machine comparisons involving 501 character states with incomplete EQs were awarded a 0 similarity score.
502
We found that machine-human consistency was significantly lower than inter-curator con- which declined from the Augmented to the Merged ontology. All these increases, and the 518 one decrease, were found to be statistically significant with two-sided paired Wilcoxon rank 519 sum tests at the Bonferonni-corrected threshold of α = 0.0008 (Table 5) .
520 Table 5 : Comparison of Semantic CharaParser annotations using Initial, Augmented, and Merged ontologies to measure the effect of ontology completeness on SCP-human consistency. Shown are p-values from two-sided paired Wilcoxon rank sum tests. Only SCP similarity to human-generated annotations from the Knowledge round are shown. Consistency between SCP annotations to human annotations was significantly lower than human inter-curator consistency. Across all metrics, SCP annotation similarity to human annotations increased significantly between the use of Initial to Augmented ontologies and again from Augmented to the Merged ontology except for P P (decreased from Augmented to Merged). Detailed results are in Supplementary Materials, Tables 3, 4 . Phenotype curation is typically done manually, without significant assistance from machines.
535
It is difficult and time-consuming, and across a wide variety of fields, from agriculture to 
629
• Curators differ in how they added needed terms to the ontologies. For example, in the 630 phenotype "dermal sculpture on skull-roof weak", one curator created a new term "sur-
631
face sculpting" and post-composed the entity "surface sculpting and (part of some der-632 matocranium)" as the ontological translation of the entity because "dermal sculpture" can quantify different degrees of similarity proves to be important. edge had no effect on inter-curator consistency and did not further differentiate them from This was true despite the fact that curators changed annotations considerably between the plexity when curators were at liberty to bring in additional knowledge, this was not borne 659 out by the data.
660
These results indicate that lack of access to external knowledge is not one of the fac-
661
tors that contributes to SCP's low performance with respect to human curators. This is 662 encouraging, because lack of access to external knowledge during machine curation would 663 be a challenge to remedy. Our results indicate that using more complete ontologies can significantly improve machine 667 performance (Figures 4 and 5 ). This is encouraging because ontology completeness is con-
668
tinually improved through the synergistic efforts of the ontology and curator communities.
669
This finding leads to specific ideas for how the curation workflow could be optimized by post-composed terms to be generated. And mentioned in Section 5.6, our results show that 697 more comprehensive input ontologies will lead to improved performance of SCP.
698
Conclusions
699
The Gold Standard dataset for EQ phenotype curation developed herein is a high-quality 700 resource that will be of value to the sizable community of biocurators annotating phenotypes 701 using the EQ formalism. As illustrated here, the Gold Standard enables assessment of how 702 well a machine can performs EQ annotation and the impact of using different ontologies for 
